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Biological inferencea b s t r a c t
The success of methods for predicting the redox state of cysteine residues from the sequence envi-
ronment seemed to validate the basic assumption that this state is mainly determined locally. How-
ever, the accuracy of predictions on randomized sequences or of non-cysteine residues remained
high, suggesting that these predictions rather capture global features of proteins such as subcellular
localization, which depends on composition. This illustrates that even high prediction accuracy is
insufﬁcient to validate implicit assumptions about a biological phenomenon. Correctly identifying
the relevant underlying biochemical reasons for the success of a method is essential to gain proper
biological insights and develop more accurate and novel bioinformatics tools.
 2014 The Authors. Published by Elsevier B.V. on behalf of the Federation of European Biochemical Societies. This
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/3.0/).1. Introduction
The beneﬁts of protein sequence based computational
prediction methods are usually twofold. On one hand, they offer
a fast and inexpensive way to obtain new biological information
about a protein, which then can be used to design follow-up exper-
iments or to explain existing experimental observations. On the
other hand, the success of these prediction algorithms is generally
considered to validate the underlying hypothesis about principles
governing structure formation or biochemical role of the feature
being predicted. For instance, the success of early secondary struc-
ture prediction methods in the sixties and seventies, based on
a-helix and b-strand forming preferences of individual residues
indicated that most of the information about the preferred second-
ary structure of any segment of the protein is encoded in the local
sequence itself [1,2]. Although the development of secondary
structure predictions encompassed many years, even the most
advanced secondary structure prediction algorithms, reaching as
high as 80% accuracy, are able to do so by using local sequenceinformation only [3,4]. In this case the basic assumption (the dom-
inance of local effects in secondary structure formation) is in fact in
agreement with both bioinformatics and experimental results. The
idea itself predated bioinformatics analysis of three dimensional
structures and was later validated by the appropriate calculations,
conﬁrming that long range interactions indeed played only a sec-
ondary role [5,6]. Experimental investigations also demonstrated
that isolated segments have a tendency to prefer conformations
similar to the one in folded structures [7].
However, in case of other bioinformatics methods the relation-
ship between a successful prediction and the underlying hypothe-
sis may be less trivial. Highly speciﬁc residue-level structural or
biochemical features are predicted from local sequence patterns;
however it is usually not elaborated why certain features are sup-
posed to be encoded in the immediate sequence environment of
residues. Here, as a case study, we focus on the development of a
prediction method capturing the covalent state of cysteine (Cys)
residues from the amino acid sequence. Despite being a highly
speciﬁc area of bioinformatics research, it can serve with general
conclusions about biological inference and the potential pitfalls
of interpreting the success of a prediction method as a veriﬁcation
of underlying assumptions.
As protein sequences are obtained primarily by genome
sequencing, the location of post-translational modiﬁcations – such
as disulﬁde bonds – is usually unknown for the majority of
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from the knowledge of the oxidation state of various Cys residues,
e.g. if a certain Cys does or does not form a disulﬁde bond [8–11].
Furthermore, disulﬁde bond connectivity patterns can be used to
discriminate between protein folds and can facilitate the accurate
superimposition of protein structures [10]. The underlying
assumption in these methods is that similar disulﬁde bond connec-
tivity patterns place similar spatial constraints on proteins, result-
ing in similar protein structures. Meanwhile, variation in disulﬁde
bridge patterns within the same superfamily may be used to infer
variation of protein function. Information on disulﬁde formation
can be incorporated to enhance molecular simulations of folding
[12]. Due to all these critical roles that disulﬁde bonds play in pro-
teins, there is a long standing interest to predict Cys residues that
can form disulﬁde bonds, or more generally, predict which Cys res-
idues are oxidized and bound to another Cys residue (or to other
factors) and which Cys are reduced and have a free, highly reactive
thiol group.
During the 1980’s the sequence databases had become large
enough to enable the recognition of the non-random pairing of res-
idues within their sequential vicinity [13,14]. Early prediction
methods were based on the observed different sequence environ-
ments of cysteines and half-cystines of the disulﬁde bonds [15].
The success of a neural network based approach considering the
sequence environments of cysteines and half-cystines [16] also
suggested that most of the information on the preferred oxidation
state of Cys residues must be encoded in the surrounding sequence
segments. This hypothesis formed the basis of a prediction ap-
proach, where a disulﬁde bond forming statistical potential was
calculated for Cys residues from the relative frequency of residues
in the surrounding decapeptides [15]. This method – performing
with 71% accuracy – was developed nearly two decades ago and
according to citation data of the paper it is still in use; although
since then more accurate, albeit more complicated methods have
been developed that use a wide range of other input data in addi-
tion to the protein sequence [11] (reaching 82% accuracy, e.g. [17]).
Furthermore, the incorporation of mass spectrometry data into S–S
bond determination methods (see [18–20]) has also signiﬁcantly
improved their accuracy, even surpassing the efﬁciency of
sequence based methods, albeit on smaller datasets [21]. The
primary source of information for this study was the Protein Data
Bank (PDB [22]), which is approximately 40 times larger now than
it was at the time. Hence, it seems plausible that the re-parametri-
zation of the method would signiﬁcantly increase the accuracy.
By now it is clear that due to the high glutathione concentration
in the cytoplasm (due to the constituently active glutathione
reductase enzyme), and the oxidative environment in the extracel-
lular matrix, almost all Cys residues in the cytoplasm (intracellular
Cys residues) are in the free, thiol form, while almost all Cys resi-
dues outside the cytoplasm (in the extracellular matrix or in the
various compartments of the cell, extracellular Cys residues) are
either in disulﬁde bonds or in a liganded form [23]. However, it
has also become known that the amino acid compositions of intra-
cellular and extracellular proteins are signiﬁcantly different
[17,24–26]. Therefore one can present an alternative hypothesis,
according to which the 20 residues in the ﬂanking decapeptides
of Cys residues might only identify the extracellular or intracellular
nature of the entire protein and the oxidation state of the Cys
residues is simply the consequence of the subcellular localization.
This idea is supported by the fact that the inclusion of subcellular
localization in the prediction algorithms improve their accuracy
only by a few points [27] indicating that this information is already
largely encoded in other input data (e.g. the sequence).
It is rather common that prediction methods are used for a dif-
ferent purpose than what they were developed for. For example,
the above mentioned Cys prediction method [15] was successfullyused to design a site directed mutagenesis experiment, to predict
where a Cys residue needs to be inserted into a sequence to have
a larger probability of forming a disulﬁde-bond [28] or to ﬁnd
out which of the designed Cys residues form a disulﬁde bond with
a sequentially distant Cys residue [29]. However, in theory, for this
type of predictions the method can only be meaningful if there is a
signiﬁcant direct inﬂuence of the local sequence environment on
the disulﬁde forming potential.
In this study we explore the origin of the potential of a Cys to
exist in a disulﬁde bond/liganded (bound) form and in thiol (free)
form, as calculated from the signal of characteristic local sequence
patterns in the neighborhood of Cys residues. Based on these re-
sults, we aim to assess the correctness of considering the success
of the developed method as a proof of the idea that Cys oxidation
state is directly encoded in the local sequence. In order to do this,
the original prediction method was re-implemented in this study
using the current, 40 fold larger PDB database. We also revisited
earlier reports that claim that certain relative sequential positions
around Cys residues play speciﬁc roles in determining its oxidation
state. Subsequently, the method implementation was repeated
using shufﬂed protein sequences to remove all local sequence
information. Finally, the speciﬁcity of the prediction algorithm
was further challenged by implementing it for all the 20 residue
types, not only for Cys. The results can either reinforce the view
that Cys redox state is mainly determined by local effects or can
show the non-causal relationship between this underlying view
and prediction accuracy, serving as a general warning about
biological inferences concerning bioinformatics methods.
2. Datasets and methods
2.1. Real protein sequence dataset
Entries in Protein Data Bank (PDB [22]) were ﬁltered at 25% se-
quence identity level using BlastClust (http://www.ncbi.nlm.nih.-
gov/blast/Blast/) to remove redundant sequences. The resulting
dataset contains 3881 polypeptide chains with 19202 Cys residues.
Out of these sequences 569, 2039 and 132 contain half-cystines,
free cysteines and both half-cystines and free cysteins, respec-
tively. Using a more general classiﬁcation we also discriminate
between oxidized Cys that are bound to either another Cys residue
in a disulﬁde bond or to ligands and free Cys that are not bound. In
this classiﬁcation there are 693 proteins containing bound Cys
only, 1804 of them contain only free cysteins and 243 contain both.
Our dataset also contains 1117 polypeptide chains that do not
contain any Cys residues at all and 24 chains were discarded as
the oxidation state of Cys residues could not be determined.
According to the UniProt annotations [30] (http://www.uni-
prot.org/) the 3881 polypeptide chains can be split into three
groups: 1783 intracellular, 1024 extracellular and 910 transmem-
brane proteins. There are 9515 half-cystines and 9687 free cyste-
ines or – using the alternative deﬁnition – there are 10996 Cys
residues in some sort of bound state (oxidized) and 8206 in free
thiol (reduced) state.
2.2. Random protein sequence dataset
Randomly mixed sequences were obtained by shufﬂing the
order of residues within each protein from the Real protein
sequence dataset individually.
2.3. Disulﬁde bond forming potentials
First position speciﬁc residue preference matrices were
calculated. For each position in a ±10 residue window centered
on Cys residues the occurring amino acids were counted. Next,
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pared between bound and free cysteines. These were expressed
in ratios: values greater than 1.0 indicate that the corresponding
residue in the given position appears more often in the vicinity
of half cystines than in that of free cysteines. After this, potentials
were calculated from the position speciﬁc residue preference
matrices (Supplementary Table 1) according to the method de-
scribed in [15]. These potentials are obtained as the products of
the position speciﬁc relative abundances of amino acids around
the cysteine residues.
2.4. Cys oxidation prediction
The oxidation states of cysteines were predicted according to
SecretomeP2.0 [31] (http://www.cbs.dtu.dk/services/SecretomeP/)
predictions. Cysteins of proteins predicted as extracellular were
classiﬁed as oxidized while cysteins in the intracellular proteins
were regarded as reduced.
2.5. Prediction evaluation
Prediction accuracies (Acc) were obtained as a fraction of cor-
rectly predicted cases, using the standard formula:
Acc = [TP + TN]/[TP + TN + FP + FN], where TP and TN is the number
of true positives (correctly identiﬁed bound Cys) and true nega-
tives (correctly identiﬁed free Cys) and FP and FN are false posi-
tives (free Cys incorrectly predicted to be bound) and false
negatives, respectively (bound Cys incorrectly predicted to be free).
3. Results
As a ﬁrst step, the disulﬁde bond forming potentials described
in [15] were recalculated using proteins from the current PDB
(see Datasets and methods). Despite the much larger amount of
input data, the accuracy of disulﬁde-bound prediction has not
improved notably, the accuracy increased slightly from 71% to
75% (Supplementary Table 2). Testing prediction methods on
different datasets presents an inherent difﬁculty, (as discussed in
detail for example for signal peptide predictions here [32]) and
therefore this increase in accuracy cannot be deemed signiﬁcant.
We also repeated the calculations to predict the bound-state of
cysteine residues and calculated the accuracy of the prediction,
with similar results (71% using a jack-knife method).
Once we re-established the method, we revisited the earlier
hypothesis, according to which some positions are more important
than others in deﬁning the covalent state of Cys residues [15]. WeFig. 1. Frequency of metal binding residues in the vicinity of Cys residues. X-axis shows t
residues at that position. The frequency values are normalized for the ﬁrst 20 sequentiacompared the position speciﬁc values of the frequency ratios used
to calculate the disulﬁde-bond forming potential. When comparing
the pairwise correlation coefﬁcients of the position speciﬁc poten-
tial vectors (values of the columns of the frequency tables in Sup-
plementary Table 1), it seems that the third sequential neighbors
of Cys residues may have some unique preference as opposed to
all other positions (Supplementary Table 3). This effect can be
attributed to the role of the ±3rd positions in coordinating metal-
ion binding (Fig. 1). To test this hypothesis, we repeated the disul-
ﬁde bond forming prediction method taking into account the fre-
quency of occurrences in the ±3rd neighboring amino acid
positions only and achieved a 59% accuracy (we obtained a similar
59% accuracy when tested for bound state prediction). Sequentially
closer residues usually have more non-random distribution [14],
probably due to certain structural constraints, therefore it is
expected that taking into account only the nearest residues for
the development of the prediction method may achieve a higher
prediction accuracy than using only more distant ones. To explore
this, all the possible sequential ranges were considered in
subsequent calculations from 1 to 10 neighboring positions and
the power of predictions were tested (Supplementary Table 4).
Although accuracies increase with the widening of the considered
sequence window, a ‘‘diminishing returns’’ effect can be seen.
Accuracies seem to reach a plateau suggesting that more distant
positions contribute less and less information.
Next, we directly challenged the core idea that local sequence
information is indeed the source of successful prediction. We per-
formed the training of the prediction method on randomized se-
quences. In this case the speciﬁc information about the local
sequence environment of Cys residues is supposedly completely
removed, however the overall sequence compositions of the test
proteins are retained. Surprisingly, the prediction accuracies on
these randomly shufﬂed sequences remained just as good as on na-
tive sequences: 71% and 69% for the disulﬁde bridge forming and
oxidized Cys, respectively (Supplementary Table 2).
Another way to directly test the hypothesis that the oxidation
state of Cys residues is determined by the local sequence is to
repeat the development of the prediction method, but this time
applying it to the rest of the 19 amino acids besides Cys (Supple-
mentary Table 5). We calculated the ‘‘disulﬁde-bond forming’’
preferences (and the bound-state preferences) for all the 19 amino
acids at the locations of the cysteines of the protein studied. In this
case the ‘‘bound’’ state deﬁnition of each residue was applied
through the context of co-occurrence of these residues and
oxidized Cys in the same protein. For instance, if a residue was
sampled from a protein that had only oxidized Cys, then any ofhe sequential distance from Cys, while the Y-axis is the percentage of metal binding
l positions, i.e. the sum of all columns adds up to 100.
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as bound, otherwise ‘‘free’’. When tested, the accuracies of the
predictions made for the 19 non-Cys types of residues correlate
well with that of performed on Cys, irrespective of the residue type,
with values in the range of 67–76% (Supplementary Table 5). This
indicates that the analysis of speciﬁc sequence environments of
residues is rather providing a global information about the whole
protein than a speciﬁc one of the local segment.
This observation provides an alternative hypothesis, namely
that the connection between local sequence composition and Cys
oxidation state is indirect: the oxidation state is governed by the
subcellular localization which is in turn heavily correlated with
amino acid composition. In order to test this alternative hypothe-
sis, we compared the correlation coefﬁcients of the average amino
acid compositions of proteins within each cellular localization
subclasses. From this analysis, one can see a clear correspondence
between the oxidation state/bounding state of cysteines and the
cellular localization (Supplementary Table 6). All these observa-
tions suggest that taking into account the amino acid compositions
alone would be enough to predict the oxidation state of cysteine
residues with around 70% accuracy (ignoring membrane proteins
since they represent an intermediate type), as the prediction accu-
racy of the cellular localization of proteins has the same overall
accuracy (70%) [33].
We have compared these results with the predictions of Secre-
tomeP2.0 [31]. All proteins were predicted either as extracellular
or intracellular and we assigned the oxidation state of cysteins
according to the subcellular location of the query protein. The pre-
diction accuracy was 64%, somewhat lower than the one obtained
before. This could be acknowledged to a cumulative error partially
originating from imperfect predictions of extracellular localization
and partially from the imperfect prediction of oxidation state of Cys.4. Discussion
We developed two disulﬁde bridge prediction methods in the
past [15,17]. Due to the enormous growth of the available train-
ing/testing database we presumed that the revision and re-param-
eterization of the earlier prediction methods would lead to a
signiﬁcantly higher accuracy. However, upon completing the re-
training of the method, prediction accuracies remained very simi-
lar to the original ones, despite the many fold increase of the input
data. We also explored if distinguished positions existed in deter-
mining the oxidation state of Cys residues. Comparing the position
speciﬁc values of the disulﬁde bonding state potentials only the
sequentially 3rd position seemed to be different. However, when
we used only this single pair of positions in the prediction, the
effect of loss of information due to the limited amount of input sur-
passed the more speciﬁc signal that these positions could provide,
and the overall prediction accuracy dropped. This notion seems to
be in accordance with the fact that the method indeed predicts
protein localization through amino acid composition. The steady
rise of accuracies with the widening of the local sequence window
used for the prediction shows no position speciﬁcity, but the
inclusion of more residues leads to a better estimate of the amino
acid composition of the whole protein, which enables the effective
prediction of localization.
We also explored prediction on randomized sequences remov-
ing all local sequence information. Strikingly, the predictive power
remained as good as on native sequences. In another test, we
applied the prediction method for the other 19 amino acids. Sur-
prisingly, the accuracy of these predictions was comparable to that
of Cys despite the fact the different covalent states do not even exist
for these residues. Finally, we found strong correlations between
the general amino acid composition of proteins, the subcellularlocalization and the oxidation state of Cys residues. All these results
suggest that the prediction methods that try to capture covalent
state of Cys residues using their immediate sequence environment
are in fact primarily based on the recognition of the subcellular
localization, which strongly correlates with residue composition.
In that regard the amino acid composition of the Cys ﬂanking 20
residues is a good approximation of the composition of the whole
protein. However, the speciﬁc local composition of Cys ﬂanking re-
gions can be important in special cases, for examplewhen cysteines
take part inmetal binding. This notion accounts for the non-random
distribution of amino acids in the ±3rd positions.
Due to the high correlation between the redox state of Cys and
the cellular localization of proteins (e.g. only 190 of the 1168 extra-
cellular sequences have Cys residues in reduced form), all statisti-
cal and machine learning methods essentially recapitulated the
subcellular localization of the whole protein instead of the speciﬁc
redox feature of Cys. In retrospect, the fact that extra- and intracel-
lular localization is strongly connected to residue composition is
well known, as a variety of transmembrane prediction methods
take advantage of this observation [34]. However, it was not clear
that essentially all the discriminatory power of the disulﬁde bond
forming Cys prediction algorithms come from this signal alone and
local effects of non-random sequence features do not contribute
signiﬁcantly. This study provides a speciﬁc example that the mere
accuracy of a given prediction method may not be sufﬁcient to val-
idate an underlying assumption about a biological phenomenon. Of
course, our observation must be carefully weighed for each study.
There are Cys redox state predictions that do not rely on the
assumption that the sequence environment directly encodes a
functional signal. For instance, it has been shown that Cys redox
state can be predicted with a competitive accuracy using measures
of differences in conservation patterns [23]. This relies on the phe-
nomenon that disulﬁde bonded or functionally important Cys are
particularly difﬁcult to replace [10]. Furthermore, the combination
of other, especially biochemistry based information, such as mass
spectrometry data into the predictions can on one hand further
increase prediction accuracy, on the other hand can help to circum-
vent the issue concerning incorrect biological assumptions.
5. Conclusions
Our results underline the importance of directly challenging a
hypothesis from a biological standpoint as we tried in this study.
Such precautions in interpreting the high accuracy of a prediction
algorithm can help to avoid false biological inference. It is essential
to gain a better biological insight into the principles governing the
biochemistry of proteins but it should also prove to be very useful
to advance the development of more accurate and novel bioinfor-
matics tools.
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